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Abstract

When industrial robots are adopted by firms in a local labor market, some workers are dis-

placed and become unemployed. Other workers that are not directly affected by automation

may however fear that these new technologies might replace their working tasks in the

future. This fear of a possible future replacement is important because it negatively affects

workers’ job satisfaction at present. This paper studies the extent to which automation

affects workers’ job satisfaction, and whether this effect differs for high- versus low-skilled

workers. The empirical analysis uses microdata for several thousand workers in Norway

from the Working Life Barometer survey for the period 2016–2019, combined with informa-

tion on the introduction of industrial robots in Norway from the International Federation of

Robotics. Our identification strategy exploits variation in the pace of introduction of industrial

robots in Norwegian regions and industries since 2007 to instrument workers’ fear of

replacement. The results indicate that automation in industrial firms in recent years have

induced 40% of the workers that are currently in employment to fear that their work might be

replaced by a smart machine in the future. Such fear of future replacement does negatively

affect workers’ job satisfaction at present. This negative effect is driven by low-skilled work-

ers, which are those carrying out routine-based tasks, and who are therefore more exposed

to the risks of automation.

1. Introduction

Industrial robotics and artificial intelligence (AI) have in the last few years increasingly been

used in production activities. This has led to the automation of many tasks that were previously

carried out by workers, and that can now be performed by smart machines. The fear that these

technological advances may have dramatic consequences on the future of labor has fostered

the recent development of new economics research studying the effects of automation on

employment [1,2]. Recent models and empirical evidence on this topic show that automation

can have negative effects on employment demand and wages, and particularly so for workers

that perform routine-based tasks that can more easily be displaced [3,4]. On the other hand,

however, these new technologies may also have positive effects by increasing productivity [5].

This recent research has so far focused on the effects of automation, industrial robots and

artificial intelligence on labor demand and wages. However, while employment and wages are
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two central dimensions shaping individual workers’ well-being, it is also important to point

out that other non-pecuniary aspects do contribute to shape workers’ well-being, and that

automation may potentially have important impacts on these [6]. Specifically, if workers fear

that their occupation might be replaced by a smart machine in the future, such prospect and

uncertainty about future working conditions may arguably affect their job satisfaction at pres-

ent [7,8].

Why should we care about the impacts of automation on workers’ job satisfaction? The rea-

son is twofold. First, since individuals spend a substantial part of their life at work, job satisfac-

tion experienced in working life does indeed represent an important component of

individuals’ overall subjective well-being [9]. Second, workers that are not happy and experi-

ence dissatisfaction with their job have typically lower motivation and efforts [10], and higher

turnover rates. Therefore, if a large number of workers in the economy fear to be replaced by

smart machines in the future, this fear may lead to mental stress and anxiety at present, as well

as hamper productivity and innovation in the economy.

In spite of the relevance of this topic, to the best of our knowledge only two papers have

recently explored the relationship between automation and workers’ well-being. Abeliansky

and Beulmann [11] focuses on workers’ mental health in Germany; and Schwabe [12] studies

workers’ life satisfaction in a sample of European countries. Neither of these studies, though,

investigates explicitly the impacts of automation on job satisfaction.

Further, these recent works do not study the role of workers’ skills, and how these may

affect the relationship between automation and well-being. The literature on automation and

employment clearly shows that the effects of the introduction of industrial robots largely differ

for high-skilled and low-skilled workers. It is therefore paramount to investigate whether the

effects of automation on job satisfaction can have different effects on workers’ well-being

depending on their skill levels. In short, the question investigated in the present paper is the

following: Does automation affect workers’ job satisfaction–and how does this effect differ for
high- versus low-skilled workers?

To study this question, it is useful to distinguish two related dimensions. The first side of

the link between automation and job satisfaction is that the introduction of industrial robots

in local labor markets will affect workers’ expectations about their future jobs, i.e. it will lead

some workers to fear that part of their working tasks might be replaced by a smart machine in

the future. The second dimension is that these expectations about the future, and particularly

the anticipated fear of replacement, will negatively affect workers’ subjective well-being at

present.

Empirically, we operationalize this idea by making use of a two-stage econometric model,

in which fear of replacement and job satisfaction are the dependent variables of the first and

the second stage, respectively. The empirical analysis uses microdata for several thousand

workers in Norway from the Working Life Barometer survey (Arbeidslivsbarometer) (four

annual surveys for the period 2016–2019), combined with information on the introduction of

industrial robots in Norway from the International Federation of Robotics (IFR) dataset. Our

identification strategy exploits variation in the pace of introduction of industrial robots in Nor-

wegian regions and industries between 2007 and t (i.e. the time at which each of the four sur-

veys was carried out).

The results indicate that automation in industrial firms in recent years has induced workers

that are currently in employment to fear that their work might be replaced by a smart machine

in the future, and that this effect is stronger for low-skilled workers. Further, our findings show

that fear of future replacement does negatively affect workers’ job satisfaction at present, and

that such negative effect is in particular significant for low-skilled workers, which are those car-

rying out routine-based tasks, and who are therefore more exposed to the risks of automation.
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On the whole, these results contribute to, and extend, the recent literature on automation

and employment by shifting the focus to important nonpecuniary impacts that are reflected in

workers’ expectations, fears and job satisfaction, and showing that workers’ skills is an impor-

tant variable moderating the effects of automation on subjective well-being.

The paper is organized as followed. Section 2 reviews the literature on automation and

employment. Section 3 points out the conceptual mechanisms that are relevant to explain the

effects of automation on job satisfaction. Section 4 presents the data and indicators. Section 5

discusses the empirical methods. Section 6 presents the results. Section 7 concludes and dis-

cusses the main contributions and implications.

2. Literature

Effects of automation on employment and wages

Automation, industrial robotics and artificial intelligence have in the last few years experi-

enced substantial advances and found an increasing number of applications in production

activities. Artificial intelligence and robotics have developed as two distinct scientific and tech-

nological fields for a long time, and only recently they have converged and cross-fertilized

[13]. Frank et al. [2] presents relevant illustrations of this recent convergence, and it discusses

challenges for research on the economic effects of AI and automation. This has spurred the

recent development of a strand of scholarly research studying the effects of these new technol-

ogies on employment.

A starting point of this literature is the canonical model of skilled bias [14], according to

which new skilled-bias technologies lead to polarization and increasing differences in employ-

ment opportunities and wages between skilled and unskilled workers. Sachs and Kotlikoff [15]

present a simple framework in which smart machines substitute directly for young unskilled

labor, whereas they are complementary to older skilled workers. Young unskilled workers

experience lower wages, which in turn lead to lower saving and investments in human and

physical capital–thus perpetuating and strengthening the gap between young unskilled and

older skilled workers over time.

Such pessimistic prediction on the future of employment is however not shared by other

works in this field. Taking a long-run historical perspective, Autor [16] and Mokyr et al. [1]

argue that, as in other times in history, technological progress will lead to major structural

changes in the quantity and content of work, but it will arguably not lead to a complete substi-

tution of capital for labor. Houseman [17] provides empirical evidence that, although

manufacturing employment in the US has declined since early 2000s, this is mainly explained

by international trade and global competition effects, and there is weak support in the data for

the argument that such decrease in employment is due to automation. More recently,

McGuinness et al. [18] and Klenert et al. [19] present empirical studies that indicate that auto-

mation technologies and industrial robots have actually positive effects on employment. On

the one hand, automation leads to a creative destruction process that may on the whole

increase the overall demand for labor. On the other hand, it may contribute to reduce routine-

based working tasks, which are typically monotonous and physically straining, thus improving

the quality of work.

A more nuanced perspective that considers both negative and positive effects of automation

on employment is presented by studies of the job polarization hypothesis. In short, the main

idea of this research is that automation technologies complement highly skilled labor, explain-

ing its expansion and wage growth in recent years in most advanced countries. On the other

hand, middle-skilled workers are those more negatively affected by routine-biased technical

change, because their tasks are relatively easier to automate. As for low-skilled workers, and
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particularly those employed in personal services occupations, these often perform manual and

personal communication tasks that are not that easy to automate yet. Hence, the resulting pat-

tern is that middle-skilled workers have in recent years shifted towards low-skilled employ-

ment occupations, which have consequently grown and experienced higher wages. All in all,

this explains the observed increasing polarization in the job market, with the growth of

employment and wages for high- and low-skilled workers, and a corresponding decline for

middle-skilled occupations [3,4,16,20]. Beaudry et al. [21] argue however that the demand for

high-skilled workers has declined after 2000 due to decreasing returns to investments in infor-

mation and communication technologies (ICTs), and that high-skilled have then begun to

compete for lower-skilled jobs. This study, though, is based on empirical evidence on ICT

investments in general, and it does not focus specifically on the effects of AI and automation.

Acemoglu and Restrepo [22] present a theoretical framework that is useful to study both

negative and positive effects of industrial robots on employment and wages. The model points

out two contrasting effects of industrial automation: a displacement effect that negatively

affects the demand for employment and the wages of workers that perform routine-based

tasks; and a productivity effect that creates benefits for workers that perform non-routine tasks

(in the automated sector as well as in other sectors and occupations of the economy). This

study also presents empirical evidence that corroborates the model’s predictions on the effects

of industrial robots on employment and wages in US manufacturing industries between 1990

and 2007. In line with evidence presented by other recent works [5,23,24], their results show

that overall the displacement (negative) effect of the introduction of industrial robots has until

now been stronger than the productivity (positive) effect.

Effects of automation on job satisfaction

This recent strand of research has so far focused on the effects of automation, industrial robots

and artificial intelligence on aggregate patterns of labor demand and wages for different coun-

tries and industries. However, research has not investigated yet the impacts that these new

technologies may have on individual workers’ subjective well-being. Do workers fear that their

occupation might be replaced by a smart machine in the future, and if so how does that pros-

pect affect their current job satisfaction?.

Job satisfaction is the subjective well-being of workers (i.e. their own assessment of the

well-being they experience at work). This is an obviously crucial dimension for economic anal-

ysis and policy. First, since individuals spend a substantial part of their life at work, job satisfac-

tion experienced in working life represents an important component of individuals’ overall

subjective well-being. Second, workers that are not happy and experience dissatisfaction with

their job have typically lower motivation and efforts, and higher turnover rates. This, in turn,

weakens productivity and innovation in the economy.

The literature on job satisfaction is wide-ranging, and it has extensively investigated a vari-

ety of factors that explain why some individuals report higher subjective well-being than others

[7,8]. However, only a few studies have so far explicitly investigated the relationships between

the widespread diffusion and application of digital technologies and job satisfaction [25].

Kaplan and Schulhofer-Wohl [6], using data from the American Time Use survey, discusses

the nonpecuniary implications of changes in the occupational structure in the US in recent

decades, i.e. the effects of these structural changes on different aspects of job satisfaction such

as reported happiness, stress and meaning at work. The work indicates that the changing occu-

pational structure has not only led to polarization in terms of skills and wages, but it has also

determined substantial changes in workers’ feelings about the job they have and the tasks they

perform.
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Two recent papers explore the relationship between automation and workers’ well-being.

Abeliansky and Beulmann [11] present an empirical study on the impact of automation on the

mental health of workers (which is one important dimension reflecting stress and weak job sat-

isfaction). The analysis uses individual-level data from the German Socioeconomic Panel for

the period 2002–2014 linked to industry-level data on use of industrial robots in 21

manufacturing sectors in Germany. The results indicate that automation negatively affects

workers’ mental health, and this effect is related to the fear of having lower wages and worse

economic conditions in the future.

Schwabe [12] makes use of worker-level data from the Eurobarometer survey for European

countries (period 2012–2017) to investigate the relationships between fear of replacement and

workers’ subjective well-being (measured by life satisfaction, which is as well-known an evalu-

ative dimension of individuals’ well-being). The results of this study find that fear of replace-

ment affects life satisfaction, but the direction of this effect does largely depend on age. In line

with models of skill-bias and job polarization (see section 2.1), younger workers regard

replacement as a possible threat to their job opportunities in the future, whereas older workers

look at it as a positive technological development that is not likely to affect them directly, and

that will arguably enhance well-being and prosperity in the society.

These two studies provide an important starting point for the present work. None of them,

though, investigates explicitly the role of workers’ skills, which is however a key dimension in

the literature on the employment effects of automation briefly reviewed in section 2.1. In the

job satisfaction literature too, education and skill levels represent one of the central factors

affecting the job satisfaction of workers [26].

Two contrasting mechanisms link education and job satisfaction. On the one hand, a higher

skill level increases the chances that an employee will have a higher wage level and a more

interesting and rewarding job, which enhance job satisfaction. On the other hand, however,

various empirical studies have found that–after controlling for income earnings–the correla-

tion between education level and subjective well-being at work is negative [8,27,28]. This can

be explained in the light of prospect theory [29]. When an individual invests more time in edu-

cation and human capital formation, her expectations about the desired job will also be higher,

and it will therefore be more likely that the worker will feel more critical and less satisfied with

her actual working conditions if these high expectations are unmet. In particular, empirical

research indicates that overqualified workers report significant lower levels of job satisfaction

than others [26,30].

3. Question and propositions

The question investigated in the present paper is the following: Does automation affect workers’
job satisfaction–and how does this effect differ for high- versus low-skilled workers? The first part

of the question refers to the main impact of automation on job satisfaction, which as noted

above has not been analyzed in previous research yet. The second part of the question suggests

that fear of replacement can have different effects on workers’ well-being depending on their

skill levels, and it seeks to investigate these moderation effects.

Conceptually, the link between automation and job satisfaction can be analyzed in two

steps. The first is that the introduction of industrial robots in local labor markets will arguably

affect workers’ expectations about their future jobs, which means that some workers will fear

that some of their tasks, or even their whole job, might be replaced by a smart machine in the

future. The second step is that these expectations about the future, and particularly the antici-

pated fear of replacement, will affect workers’ job satisfaction at present.
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Our empirical analysis will consider both of these conceptual steps in a two-stage empirical

model, and investigate whether the related impacts are stronger for high-skilled or for low-

skilled workers. We point out below here the main effects that we expect to find in the empiri-

cal analysis, and how these can be explained in the light of the literature reviewed in this sec-

tion. As noted below, some of the effects of interest are stronger for high-skilled workers,

whereas others are more relevant for low-skilled workers, so that the overall net moderation

effect cannot be pointed out ex-ante, but it will have to be established based on the empirical

evidence.

I. Fear of replacement

The introduction of industrial robots in the local labor market increases the likelihood that

some workers will be replaced by smart machines in the future. These technological changes

and their applications in firms in local labor markets will therefore induce some workers that

are currently employed to fear that they might be replaced in the future (or at least that some

of their tasks might be).

Moderation effects. The introduction of industrial robots will arguably have different

impacts for high- versus low-skilled workers. We envisage two contrasting effects.

Fear of replacement is stronger for the low-skilled. These workers are more exposed to the

risks of displacement from automation because they typically carry out routine tasks that can

more easily be automated (see literature in section 2.1).

Fear of replacement is stronger for the high-skilled. High-skilled workers are typically also

more educated individuals who read more and follow media debates on robots, automation

and their negative consequences for employment. Hence, high skilled workers are arguably

more exposed to peer effects, which may translate in a greater fear about the future of employ-

ment. Contrary to this argument, we may however posit that workers of higher education typi-

cally have a better ability to understand and anticipate that these new technologies will also

have positive effects for their future tasks and wages, as well as for the overall productivity of

the economy–i.e. they are arguably be more forward-looking [31].

Proposition 1: The introduction of industrial robots in the local labor market will nega-

tively affect low-skilled workers more than high-skilled workers if the former effect is stronger

than the latter.

II. Job satisfaction

The second aspect of our conceptual analysis refers to the impacts that fear of replacement will

have for workers’ subjective well-being. The main expectation is that fear of replacement in the

future will negatively affect job satisfaction at present. The main reason is that the prospect to

become unemployed, or to be taken away some of the current working tasks, will negatively

affect wage and financial conditions expected for the future, thus creating uncertainty about

future job prospects and personal finance, and hence lower job satisfaction.

Moderation effects. Fear of replacement will arguably have different impacts on job satis-

faction for high- versus low-skilled workers. We posit the following contrasting effects.

The negative effects on job satisfaction will be stronger for the low-skilled. If replaced, these

workers will on average have fewer possibilities to find another occupation in the labor market.

Acemoglu and Restrepo [22] and Blanas et al. [20] document in fact that displacement effects

of industrial robots on employment and wages are stronger and more significant for low-edu-

cation workers. On the other hand, as noted in section 2.1, extant research suggests that auto-

mation technologies can have more positive effects on high-skilled workers, increasing the

demand for labor, wages and the complexity and interest of their tasks [18].
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The negative effects on job satisfaction will be stronger for the high-skilled. According to pros-

pect theory [29], individuals that invest more time in education and human capital formation

will also have higher expectations about the working conditions that they desire and expect to

have in the future, and be less satisfied with their job if this does not match the high expecta-

tions the individual has. Hence, highly educated workers, when facing the prospect of chang-

ing jobs and tasks in the future, may be those that have more to lose from automation,

precisely because they are the individuals who have invested more in their human capital for-

mation, and they have therefore higher expectations about the working conditions that they

feel they deserve.

Proposition 2: Fear of replacement will negatively affect the job satisfaction of low-skilled

workers more than that of high-skilled workers if the former effect is stronger than the latter.

4. Data

Individual-level data

We use the Working Life Barometer survey (Arbeidslivsbarometer), which provides annual

microdata for several thousand Norwegian workers. The survey is provided by the Confedera-

tion of Vocational Unions (YS), a politically independent umbrella organization for labor

unions, and organized by the Work Research Institute in Norway. TNS Gallup collects the

data targeting a large random sample of Norwegian workers aged 18–67 years. Our analysis

makes use of the four surveys carried out in the years 2016 to 2019, which include information

on the main variables of interest for this study, and particularly workers’ subjective assess-

ments of the threats of automation, and their job satisfaction.

The main target variable in the study is job satisfaction, which is measured by means of

responses to the survey question: “How satisfied are you with your job?”. Respondents indicate

their satisfaction level on a 1–5 scale (“Very dissatisfied”; “Pretty dissatisfied”; “Neither satis-

fied nor dissatisfied”; “Pretty satisfied”; “Very satisfied”). The main explanatory variable is fear

of replacement. This is measured by means of responses to the following survey question: “Do
you think some of your current tasks could be done by machine instead?”. Fear of replacement is

a dummy variable: respondents who answer yes to this question take value 1, whereas workers

who do not think that their tasks could be replaced by a machine take value 0. It is important

to observe that this survey question measures workers’ assessment of the possibility that their

tasks could be replaced by machines (cognitive reaction), and not directly the fear to lose their

job as a consequence of automation (emotional reaction). However, as we will show later in

the results section, this survey question is closely related to other survey questions that measure

workers’ fear of losing their job, and it is therefore reasonable to use it as a proxy measure of

fear of replacement. It is also worthwhile to note that only workers who are currently

employed are asked to answer the question on fear of replacement, whereas unemployed indi-

viduals must skip this part of the questionnaire. Hence, our analysis focuses on the beliefs of

workers who are potentially exposed to automation, but it does not consider those individuals

that have already been laid off due to automation.

Next, another important variable in our study is the skill-level of workers, which is mea-

sured by their education level, distinguishing workers with a completed University degree ver-
sus those without tertiary education. In terms of control variables, the Working Life Barometer
survey also provides employee-level demographic and socio-economic information such as

age, gender, income, union membership, and occupation type. In total, we analyze responses

from 10,051 workers aged 19–68 years. Table 1 presents a list of the variables used in the analy-

sis, and Table 2 reports some descriptive statistics.
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Robot data

To measure the introduction of industrial robots in local labor markets in Norway, we make

use of a dataset provided by the International Federation of Robotics (IFR), which contains

information on robot stock and deliveries in Norwegian industrial firms since 1993. The IFR

Table 1. Variables.

Variable Definition

Individual level variables

Job satisfaction Respondents indicate their job satisfaction ranging from 1 “Very

dissatisfied”; 2 “Pretty dissatisfied”; 3 “Neither satisfied nor dissatisfied”; 4

“Pretty satisfied”; 5 “Very satisfied”.

Machine replacement Respondents indicate whether they believe that a machine can perform

some of their job tasks.

Union membership Dummy indicating whether the respondent is unionized.

Age Age of respondent.

Women Dummy indicating the gender of the respondent.

University degree Dummy indicating whether the respondent has a university degree.

Working in industry Dummy indicating whether the respondent is an industry worker.

Regional level variables

ΔRobot exposure Industry-region’s long-term robot adoption per thousand workers. More

detailed definition in main text.

Unemployment benefit recipients Share of regional population that are registered recipients of

unemployment benefits.

Business building broadband

infrastructure availability

Fixed broadband penetration per 100 inhabitants.

Population Log of regional population.

GDP per capita Log of regional GDP per capita.

Tertiary education Regional share of population (aged 25–64) with tertiary education.

Share of big industrial companies Big industrial companies as share of total firm population by region.

https://doi.org/10.1371/journal.pone.0242929.t001

Table 2. Descriptive statistics.

Variable Obs. Mean Std. Dev. Min Max

Job satisfaction� 10,051 3.99 0.84 1.00 5.00

Machine replacement 10,051 0.40 0.49 0.00 1.00

Union membership 10,051 0.69 0.46 0.00 1.00

Age 10,051 46.44 11.67 19.00 68.00

Income scale 10,051 4.81 1.81 1.00 9.00

Women 10,051 0.52 0.50 0.00 1.00

University degree 10,051 0.56 0.50 0.00 1.00

Working in industry 10,051 0.08 0.26 0.00 1.00

Robot exposure 10,051 0.06 0.03 0.00 0.20

Log(GDP per capita) 10,051 12.89 0.53 12.14 13.69

Tertiary education (share of population) 10,051 43.81 6.68 35.5 54.3

Business building broadband infrastructure availability 10,051 0.74 0.14 0.56 0.97

Log(population) 10,051 14.09 0.20 13.74 14.33

Unemployment benefit recipients (share of population) 10,051 4.34 0.45 3.41 5.12

Share of big industrial companies 10,051 10.72 1.20 8.05 12.61

� Job satisfaction: Very dissatisfied: 1.17%; pretty dissatisfied: 4.98%; neither satisfied nor dissatisfied: 13.57%; pretty satisfied: 53.86%: Very satisfied: 26.42%.

https://doi.org/10.1371/journal.pone.0242929.t002
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defines an industrial robot as an “automatically controlled, reprogrammable multipurpose [sta-
tionary or mobile machine]” [32]. Following this definition, industrial robots are autonomous

machines capable of operating without human intervention and that could potentially substi-

tute or complement human labor. The IFR provides detailed data on robot stock and deliveries

for the period 1993–2017, which can be broken down by application or industry. Robot stock

for years 2018 and 2019 are extrapolated assuming a 9 percent annual growth in operational

stock as projected by IFR [33]. IFR data have recently been used to analyze the impact of auto-

mation on employment and wages [22,34,35], as well as on workers’ well-being [11,12].

We allocate robots in regional labor markets following extant research [22,34,36], assuming

that robots are distributed across region and industries by their respective employment shares.

Employment shares are calculated based on Eurostat’s Labor Force Survey data dating back to

2008. The long-term change in robot adoption occurs between years 2008 and t based on ini-

tial regional employment composition in each industrial category (industry, agriculture, con-

struction, and services), with the change in robot adoption per 1,000 workers fixed at the

starting level in year 2008.

Drobot exposurer;s;t ¼
X

s2S

empr;s;2008

empr;2008

�
robotss;t � robotss;2008

emps;2007

 !

ð1Þ

In this setup, robot exposure is measured as national robot adoption allocated at the region-

industry level (r,s). Each regional labor market r is scaled by the nation’s total employment

empc. In short, the instrumental variable that we will use in our empirical analysis is the long-

term change in the adoption of industrial robots by Norwegian firms in each local labor mar-

ket (i.e. in each region-industry r,s). This measures the extent to which workers have been

exposed to automation from 2007 onwards (see a further discussion of the empirical identifica-

tion strategy in section 3.2 below).

Regional-level control variables

We use the Eurostat’s Labor Force Survey to obtain regional-level variables on GDP per capita,

population share with tertiary education, and population size. From Statistics Norway, we

retrieve data on firms by size for each region. Further, we collect data on unemployment bene-

fit recipients as a share of total population from the Norwegian Labour and Welfare Adminis-

tration (NAV), for each region and each year of our dataset.

To avoid omitting the possible conflating influence of ICTs when analyzing automation,

previous studies have included ICT capital or investment as an additional control variable

[34,37]. However, others argue that more specific measures of ICT utilization are necessary for

micro-level studies [38]. Unlike existing studies that have analyzed the impact of high-speed

broadband developments in Norway [39,40], we use as additional control variable the broad-

band internet availability in office buildings instead of households in each region. Data on

office buildings with at least 8/8 Mbit/s speeds are provided by the Norwegian Communica-

tions Authority (Nkom), and matched against individuals through regional identifiers.

5. Empirical methods

The econometric analysis sets out to study the relationship between fear of replacement and

job satisfaction. Fear of replacement is the subjective assessment that each worker does on the

possibility that her working tasks will be replaced by a smart machine in the future. Such sub-

jective assessment may arguably depend on unobserved and idiosyncratic factors such as e.g.

ability, attitude towards risk, and technological/digital competencies. Therefore, unobserved
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individual factors might possibly influence both the outcome variable (job satisfaction) and

the main explanatory variable (fear of replacement).

To address endogeneity concerns, we follow recent research and use the lagged introduc-

tion of robots in local labor markets (industry-regions) as an instrument for individual work-

ers’ fear of replacement [11,12]. Existing studies on robot implications for labor markets where

robot adoption is the main explanatory variable address endogeneity issues by incorporating

spillover effects from robot adoption across industries in other countries as an instrument in a

2SLS setup [22,34,36]. Unlike these studies, we approach subjective responses to structural

inroads of robot technology in local labor markets to identify learning effects from past auto-

mation. Specifically, our instrumental variable is the one defined in (1) above, i.e. the change

in the adoption of industrial robots by Norwegian firms in each local labor market (industry-

region) between 2008 and year t (i.e. one of the survey years 2016–2019). This variable mea-

sures the extent to which workers in each of the 16 industry-regions considered in this study

have been exposed to rising automation in recent years. We thus exploit (lagged) variation in

robot adoption over time and across industry-regions in Norway to instrument for individual

fear of replacement at time t. The underlying idea of this identification strategy is that workers

that are employed in local labor markets that have more rapidly been exposed to automation

(i.e. in industry-regions where firms have increasingly used industrial robots) will be more

likely to consider automation as a possible threat, and therefore fear that some of their working

tasks could be replaced by a machine in the future. In other words, we posit that workers learn

from past robot adoption in their local labor markets, because they are subject to peer effects
[41]. Although it is reasonable to posit that these peer effects work through changes in robot

adoption over time, we cannot exclude the possibility that the same mechanism may also work

through the absolute levels of robot adoption (i.e. workers may fear replacement when they

experience a high intensity of industrial robots in the industry-region where they work). To

consider this possibility, we have also calculated our instrumental variable in levels rather than

as changes over time, and reported additional regressions in the online appendix (see Table A5

in S1 File, whose results are in line with the main results presented in the paper).

Norwegian firms have invested in sophisticated robotics and automation technologies to

keep pace with the Digital Single Market strategy [42], and our empirical analysis exploits this

exogenous source of tempo-spatial variations to identify the effects of automation on workers’

job satisfaction. Fig 1 illustrates the dynamics of industrial robots adoption in Norway in the

last decades, showing a much faster pace since 2014. Table 3 shows that most robots have so

far been used by firms within manufacturing, and less so in other branches such as agriculture,

construction and services. However, Table 3 also shows that the introduction of robots by ser-

vice firms has been quite rapid in the last decade. Fig 2 illustrates the trend in robot adoption

since 2010, indicating a rising trend in all 16 industry-regions considered in this study, and

particularly so in manufacturing and services.

To get a further overview of the diffusion and use of industrial robots in Norway, it is also

useful to get some descriptive figures from Eurostat’ survey on “ICT usage and e-commerce in

enterprises (2018)” (see Tables A1 to A4 in S1 File). Large firms are the main adopters of both

industrial and service robot technologies, and capital-intensive firms appear to invest in and

integrate both technologies in their operations. Operating machines represent about 60% of all

industrial robots in Norwegian firms in 2017. Whereas large firms use service robots for

mostly logistics and transportation purposes, small and medium enterprises (SMEs) deploy

robots in more product-related purposes, such as inspection, assembly or construction works.

Although our paper focuses on industrial automation, workers in knowledge-intensive ser-

vice occupations may rather fear competition from new artificial intelligence technologies.

Table A4 in S1 File presents some descriptives on Norwegian firms’ use of Big Data in their
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business operations. Large firms are more likely to use Big Data than SMEs. Large firms use

smart sensors (e.g. Internet of Things) and geo-data to a greater extent than SMEs. On the

other hand, SMEs more actively collect data from social media for marketing purposes. In

sum, smart machines are swiftly making inroads in the Norwegian economy, and this pace has

accelerated in the last five years.

Fig 1. Robot deliveries and operational stock for Norway between 1993 and 2019. The data for 2018 and 2019 are estimated (see

data section).

https://doi.org/10.1371/journal.pone.0242929.g001

Table 3. Adoption of robots (operational stock) in Norwegian regions and industries.

Region Sector 2008 2017

Oslo & Akershus Agriculture, forestry and fishing 0 1

Industry 113 140

Construction 0 0

Services 3 13

Eastern Norway Agriculture, forestry and fishing 3 4

Industry 296 294

Construction 0 1

Services 3 11

Southern & Western Norway Agriculture, forestry and fishing 3 4

Industry 444 521

Construction 0 1

Services 3 14

Mid- and Northern Norway Agriculture, forestry and fishing 3 5

Industry 141 173

Construction 0 0

Services 3 13

https://doi.org/10.1371/journal.pone.0242929.t003
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Fig 3 shows the time trend of the variable machine replacement for each of the 16 industry-

regions in the more recent period 2016–2019 to which our survey data refers. Although this is

a relatively short span (which does not make it possible to assess long run trends), Fig 3 indi-

cates that fear of replacement due to automation has increased steadily in most of the indus-

try-regions considered in this study, and that there is by and large a correspondence between

the time trends reported in Fig 2 (robot adoption) and Fig 3 (machine replacement).

Based on the identification strategy noted above, we estimate a two-stage instrumental vari-

ables (IV) model: the first stage (3) investigates how robot exposure and other control factors

explain variations in workers’ fear of replacement, whereas the second stage (2) estimates the

relationship between job satisfaction and anticipated replacement:

JSirst ¼ a1 þ gmachine replacementirst þ dx
0

irst þ Zr þ yt þ εirst ð2Þ

machine replacementirst ¼ a2 þ mzrst þ rx
0

irst þ tr þ φt þ ϵirst ð3Þ

JS is reported job satisfaction, machine replacement is the dummy variable indicating whether

the respondent believes a machine can perform her/his job tasks, z is the instrumental variable

(industry-region lagged pace of robot adoption), and x is a set of covariates (measured for indi-

viduals in each survey wave). The subscript r denotes the geographical region of residence of

each worker i, s denotes the industry in which the worker is employed, and the subscript t
refers to survey year. Among the set of covariates, the skill variable is particularly relevant for

the present study, as we seek to investigate whether the relationship between fear of replace-

ment and job satisfaction differs for high- versus low-skilled workers. To test these moderation

Fig 2. Robot adoption by industry-region, 2010–2019.

https://doi.org/10.1371/journal.pone.0242929.g002
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effects, we interact the skill variable with the robots variable in the first stage equation, and

with the fear of replacement variable in the second stage equation.

For model identification, the vector x in Eqs (2) and (3) does also include detailed demo-

graphic and socio-economic characteristics expected to correlate with job satisfaction and

anticipated replacement, such as age, gender, income, union membership, and industry

employment. According to previous studies, these factors are relevant to explain variation in

job satisfaction, labor dynamics and technological automation diffusion [8,22,31,34,37,43–45].

Finally, both equations also include a full set of regional dummies and time dummies that con-

trol for unobservable determinants of job satisfaction within each region over time.

It is important to note that our identification strategy is based on the assumption that robot

exposure in each industry-region will affect workers’ job satisfaction only through its effects

on fear of replacement, and we therefore exclude a direct impact of robot exposure on job sat-

isfaction. Conceptually, we cannot exclude that robot adoption in a given firm may potentially

affect employees’ job satisfaction directly, and not only indirectly through fear of replacement.

However, we think that this conceptual argument is not a particular reason of concern in our

empirical study. The reason for this is that robot adoption in Norway, although it has increased

rapidly during the last few years, it is still relatively low in absolute levels (around 6%, see

Table 2). This means that our dataset and estimations do not refer to workers who already use

robots in their current job, but for the great majority they refer to workers that are exposed to

(i.e. observe) automation being introduced in other firms in the industry-region where they

work, and that due to these peer effects fear that machines could replace some of their working

tasks in the future.

Fig 3. Share of workers who believe that their job can be replaced by machines, by region and industry.

https://doi.org/10.1371/journal.pone.0242929.g003
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The econometric model is estimated as a two-stage bivariate recursive ordered probit maxi-

mum likelihood setup, which accommodates the ordinal character of the outcome and main

explanatory variable [46,47]. This model estimates response probabilities of two variables, one

ordered and one dichotomous, and the exogenous variable robot exposure is included in the

first stage [48,49]. Estimations are performed with Roodman’s [50] conditional mixed process

(CMP) program. Because the instrument is measured at the industry-region level, estimations

are likely to contain grouped structures, and we therefore cluster standard errors in all regres-

sions [41,51,52].

6. Results

First stage results

Table 4 presents the estimation results of the first stage (Eq 3), in which the dependent variable

is machine replacement (i.e. workers’ self-reported assessment of the possibility that some of

their working tasks will be replaced by a smart machine in the future). Table 4 reports estima-

tion results for both the model without control variables and the one including the full set of

controls, in order to assess whether the inclusion of controls affect the results [53,54]. The

results for the two models are however very close to each other. We begin by briefly looking at

the results for the set of control variables, before turning attention to the main variables of our

interest. Among the controls, Table 4 shows that fear of replacement is stronger for younger

workers. These have a longer time horizon remaining in their working life, and they are there-

fore more likely to expect that automation will replace some of their working tasks in the

future [12]. Employees that belong to a trade union are less likely to fear replacement, arguably

because their employment and working conditions are partly protected by the trade union

membership (we elaborate further on this in section 6 below). Regarding wage levels, fear of

replacement is stronger for workers that have higher income. A possible interpretation of this

finding is that, after controlling for education and skill levels (that are correlated with wages

and that also affect fear of replacement), workers with higher income have more to lose vis-à-
vis workers with lower income, since automation of tasks may lead, in absolute terms, to a

stronger wage decrease for them. Further, we control for gender and sector of occupation

(industry employment), which are two standard control variables in studies of workers’ subjec-

tive well-being.

Shifting the focus to the main variables of interest for this study, the instrumental variable

(changes in robot adoption in local labor markets between 2008 and year t) is as expected posi-

tively correlated with the dependent variable (workers’ fear of replacement). As explained in

section 5, the underlying idea is that when individuals work in industry-regions in which firms

have increasingly been using robots in the last few years, they are more exposed to automation

(e.g. because some of their peers or acquaintances in the same region have lost their job due to

automation). These peer effects translate into fear of replacement even for workers that are still

employed and not directly touched by automation technologies yet. Table A6 in S1 File cor-

roborates this interpretation by presenting first stage regressions in which we use two addi-

tional control variables that measure fear of job loss: (1) job loss worry (“To what extent are

you worried about losing your job?”); (2) unemployed in five years (“Do you expect to be

unemployed within the next five years?”). Both of these control variables are positive and sig-

nificant in the regressions, indicating that fear of job loss (emotional reaction) and machine

replacement (cognitive reaction) are closely related dimensions. Further, the inclusion of these

additional control variables does not affect the size and significance of the estimated effect of

the instrumental variable robot adoption on machine replacement.
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What is the economic significance of these results? According to our OLS estimates (see

column 2 in Table 4), a one standard deviation increase in robot exposure increases the proba-

bility that a worker expresses fear of machine replacement by 2.6 percent (we thank an anony-

mous reviewer for suggesting to point this out). It is hard to say whether this estimated effect is

economically sizeable. However, considering that robot adoption in Norway has more than

doubled during the time span considered in this study, we may think that the overall effect of

automation on fear of replacement has arguably been important during this period. It is also

Table 4. First stage results. Dependent variable: Machine replacement.

(1) (2) (3) (4)

Robot adoption 0.711��� 0.853��� 1.845��� 2.250���

(0.217) (0.256) (0.570) (0.681)

Age -0.004��� -0.011���

(0.001) (0.002)

Union membership -0.056��� -0.149���

(0.013) (0.035)

Income scale = 2 -0.093��� -0.268���

(0.024) (0.065)

Income scale = 3 -0.006 -0.019

(0.022) (0.057)

Income scale = 4 0.024 0.063

(0.023) (0.060)

Income scale = 5 0.027 0.072

(0.029) (0.077)

Income scale = 6 0.043 0.112

(0.034) (0.090)

Income scale = 7 0.078��� 0.206���

(0.026) (0.069)

Income scale = 8 0.039 0.100

(0.026) (0.070)

Income scale = 9 0.069 0.182

(0.053) (0.137)

University degree 0.037� 0.098�

(0.021) (0.055)

Woman -0.011 -0.030

(0.017) (0.044)

Industry employment -0.044�� -0.119���

(0.016) (0.042)

Controls

Regional dummies ✓ ✓ ✓ ✓

Year dummies ✓ ✓ ✓ ✓

F-stat 10.77 11.15

N 10,051 10,051 10,051 10,051

Robust standard errors in parentheses are clustered for workers in the same region and industry. Columns 1 and 2 present OLS estimates. Columns 3 and 4 show probit

estimates.

� p<0.10,

�� p<0.05,

���p<0.01.

https://doi.org/10.1371/journal.pone.0242929.t004
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interesting to assess this figure in the light of the effects of robot adoption on employment

found in other recent studies (although none of these present estimates of the effects of robot

adoption on subjective fear of replacement). [34] find that one additional robot per thousand

workers reduces the employment rate by 0.16–0.20 percentage points across European regions.

In their study of the U.S. labor market, [22] find that one robot reduces employment by three

workers. Further, [36] suggest that the corresponding number for German manufacturing

workers is about two jobs. However, the overall effect on German employment is unchanged

as the job reduction in manufacturing is offset by gains in the service sector.

Next, we look at the results for the other important variable considered in this study: work-

ers’ skills. Table 4 shows that individuals with tertiary education have on average a greater fear

that some of their working tasks could be replaced by a machine in the future. As discussed in

section 3, this might be explained by the fact that high-skilled workers are typically more edu-

cated individuals who read more and follow societal debates on the media about robots, AI

and automation, and their negative consequences for employment. Hence, high skilled work-

ers are arguably more exposed to peer effects, which may translate in a greater fear about the

future of employment.

Relatedly, how do workers’ skills affect the positive relationship between automation and

fear of replacement? To test this moderation effect, Table 5 reports estimation results of the

first stage equation by workers’ skill level. While the estimated coefficient of the robot adoption

variable is positive and significant for both workers with tertiary education and those without

a college degree, the size of this effect is larger for the latter group. This moderation effect is in

line with the recent literature on the effects of automation on employment, which shows that

low-skilled workers are more exposed to the risks of displacement from automation because

they typically carry out routine tasks that can more easily be automated [3,4,16,20].

Second stage results

Table 6 reports estimation results for the second stage of the model (Eq 2), in which job satis-

faction is the dependent variable. The table reports first the results for the model without con-

trol variables and then those for the model including the full set of controls. The results for the

two models are very close to each other, indicating that the inclusion of controls does not affect

the results on the main explanatory variables [53,54]. The control variables that we use are

commonly used in the job satisfaction literature. Income is positively correlated with job satis-

faction, in line with extant literature showing that wage is one of the factors that enhance

workers’ subjective well-being [7,8]. Female workers report on average higher job satisfaction

than males; and individuals employed in manufacturing (industry) have lower satisfaction

than average, a finding that is explained in the subjective well-being literature by the fact that

factory workers typically carry out routine and monotonous working tasks and have a lower

degree of autonomy and creativity [25].

The main variable of interest in Table 6 is machine replacement. The estimated coefficient

for this variable is as expected negative and significant. This means that workers that report

higher fear of replacement from smart machines have on average lower job satisfaction. As

noted in section 3, the reason for this is that for workers that are currently employed, the pros-

pect that smart machines could replace some of their current working tasks in the future, or

even the whole job, does create uncertainty about future job prospects and personal finance,

thus lowering job satisfaction. The marginal effects for each category of the job satisfaction vari-

able (not reported in Table 6) indicate that a change in the fear of replacement dummy variable

(i.e. from “no fear” to “fear of replacement”) decreases the job satisfaction of the “very satisfied”

workers by around 30%, and of the “very or pretty dissatisfied” workers by around 6–11%.
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Table A7 in S1 File reports second stage regressions that also include two additional control

variables that measure fear of job loss: (job loss worry; unemployed in five years; see definition

of these two survey questions in section 6 above). The additional control variables are positive

and significant in the regressions, and their inclusion in the model does not affect the size and

significance of the estimated effect of machine replacement on job satisfaction, indicating that

fear of replacement due to automation is important for workers’ subjective well-being even

after controlling for the more general construct fear of job loss.

How is this relationship moderated by workers’ skill level? Table 7 investigates this question

by reporting marginal effects of the machine replacement variable for workers that have

Table 5. First stage results by workers’ skill level.

(1) (2)

No university education University education

Robot adoption 1.040��� 0.749��

(0.306) (0.283)

Age -0.004��� -0.004���

(0.001) (0.001)

Union membership -0.024 -0.085���

(0.020) (0.020)

Income scale = 2 -0.111�� -0.048�

(0.042) (0.023)

Income scale = 3 0.005 -0.024

(0.052) (0.036)

Income scale = 4 0.037 0.031

(0.050) (0.018)

Income scale = 5 0.092 0.010

(0.070) (0.024)

Income scale = 6 0.024 0.067�

(0.047) (0.034)

Income scale = 7 0.099 0.080��

(0.066) (0.033)

Income scale = 8 0.061 0.032

(0.051) (0.035)

Income scale = 9 0.072 0.068

(0.056) (0.062)

Woman 0.052�� -0.058���

(0.023) (0.018)

Industry employment -0.057��� -0.005

(0.018) (0.030)

Controls

Regional dummies ✓ ✓

Year dummies ✓ ✓

N 4,434 5,617

Robust standard errors in parentheses are clustered for workers in the same region and industry. Columns 1 and 2

present OLS estimates.

� p<0.10,

�� p<0.05,

��� p<0.01.

https://doi.org/10.1371/journal.pone.0242929.t005
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tertiary education versus those that do not have a college degree. The table shows that the mar-

ginal effect for the workers without a college degree is negative and significant, indicating that

fear of replacement increases the probability that low-educated workers will report high job

satisfaction by nearly 50%. On the other hand, the corresponding marginal effect for the work-

ers with a University degree is not statistically significant. Abeliansky and Beulmann [11] also

carried out some regressions to study the relationships between automation and mental health

for different educational groups (tertiary vs secondary education), but they did not find any

significant difference among these groups of workers in Germany. As discussed in section 3,

Table 6. Second stage results. Dependent variable: Job satisfaction.

(1) (2) (3) (4)

Machine replacement -1.268�� -0.760�� -1.093��� -0.999���

(0.512) (0.304) (0.117) (0.169)

Age 0.007��� 0.008���

(0.001) (0.002)

Union membership -0.041� -0.057���

(0.024) (0.020)

Income scale = 2 -0.135�� -0.137���

(0.067) (0.052)

Income scale = 3 0.009 0.016

(0.037) (0.038)

Income scale = 4 0.093� 0.120��

(0.053) (0.054)

Income scale = 5 0.144��� 0.187���

(0.044) (0.049)

Income scale = 6 0.195��� 0.246���

(0.057) (0.066)

Income scale = 7 0.214��� 0.285���

(0.049) (0.053)

Income scale = 8 0.203��� 0.274���

(0.060) (0.073)

Income scale = 9 0.322��� 0.434���

(0.071) (0.094)

University degree 0.035 0.034

(0.024) (0.028)

Woman 0.092��� 0.129���

(0.020) (0.028)

Industry employment -0.169��� -0.213���

(0.020) (0.026)

Controls

Regional dummies ✓ ✓ ✓ ✓

Year dummies ✓ ✓ ✓ ✓

N 10,051 10,051 10,051 10,051

Robust standard errors in parentheses are clustered for workers in the same region and industry. Columns 1 and 2 present 2SLS linear estimates. Columns 3 and 4 show

bivariate recursive probit estimates.

� p<0.10,

�� p<0.05,

���p<0.01.

https://doi.org/10.1371/journal.pone.0242929.t006
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the interpretation of our finding is that low-skilled workers, if replaced, will on average have

fewer possibilities to find another occupation in the labor market. This is in line with recent lit-

erature that provides evidence that displacement effects of industrial robots on employment

and wages are stronger and more significant for low-education workers [20,22]. On the other

hand, automation technologies can have more positive effects on high-skilled workers, increas-

ing the demand for labor, wages and the complexity and interest of their tasks [18]. In short,

we posit that workers are at least to some extent aware of the distinct impacts that automation

Table 7. Second stage results by workers’ skill level (marginal effects of machine replacement for workers of dif-

ferent education levels).

Below university education University education

Machine replacement -0.494��� 0.295

(0.165) (0.683)

Controls

Individual controls ✓ ✓

Regional dummies ✓ ✓

Year dummies ✓ ✓

N 10,051 10,051

Robust standard errors in parentheses are clustered for workers in the same region and industry. Columns 1 and 2

present results from bivariate recursive probit estimates.

� p<0.10,

�� p<0.05,

��� p<0.01.

https://doi.org/10.1371/journal.pone.0242929.t007

Table 8. Second stage results by workers’ skill level and age (marginal effects of machine replacement for workers

of different education levels and different age groups).

Below university education University education

Age group

<30 years 0.109 1.552

(0.363) (2.205)

30–44 years -0.427�� -1.306

(0.171) (0.871)

45–59 years -0.385� 0.138

(0.205) (0.443)

60+ years -1.180��� -0.486

(0.235) (1.478)

Controls

Individual controls ✓ ✓

Regional dummies ✓ ✓

Year dummies ✓ ✓

N 10,051 10,051

Robust standard errors in parentheses are clustered for workers in the same region and industry. Columns 1 and 2

present results from bivariate recursive probit estimates.

� p<0.10,

�� p<0.05,

���p<0.01.

https://doi.org/10.1371/journal.pone.0242929.t008
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can have for different types of occupations, and this explains why fear of replacement turns

out to be a concern for low-skilled employees.

It may be argued that the education level dummy variables that we have used in these

regressions only reflect formal education acquired through the school and University system,

and disregards other skills that workers acquire during the working life through training,

apprenticeships and learning by doing. Ideally, if we had information about each worker’s

occupation, we could construct a proxy measure for skills by using the three-level job complex-

ity schema developed by Hunter et. al. [55], which creates a correspondence between job types

and corresponding skill content. However, our dataset does not have information about work-

ers’ occupation type, and we are therefore not able to follow this route. Hence, in the absence

of a more specific variable measuring workers’ skills, we carry out two additional exercises.

First, we use age as an additional proxy of workers’ skills and abilities to perform their job.

Table 8 reports marginal effects of machine replacement on job satisfaction for workers of dif-

ferent education levels and for different age groups. The results confirm the main finding

noted above. The marginal effect of anticipated machine replacement on present job satisfac-

tion of the workers without a college degree is negative and significant for all sub-groups

(except those younger than 30), and it is not significant for workers with a University degree.

This corroborates the main finding of our analysis that machine replacement has a negative

effect on job satisfaction, and that this effect is particularly relevant for low-skilled workers.

Second, it may be argued that the education variable does not only measure workers’ skills,

but it is also a proxy for employability, since workers with higher education levels can more

easily find a new job. If so, employability, rather than skills, could be the latent variable moder-

ating the effect of fear of replacement on job satisfaction. To address this possibility, we make

use of two additional variables measuring employability: (1) Difficult to find a new job (“How

difficult or easy do you think it would be for you to find a job that is at least as good as the one

you have now?”); (2) Insufficient skills in current job (“How often do you experience insuffi-

cient competence to perform your tasks?”). Then we include these two variables as additional

controls in our first and second stage regressions, and report the results of these robustness

tests in tables A8 to A10 in S1 File. First stage results (Tables A8 and A9 in S1 File) show that

the inclusion of the additional controls for employability does not affect the main result about

the effect of robot adoption on machine replacement, and that this effect is still stronger for

workers with lower education level. Second stage results (Table A10 in S1 File) are also in line

with our baseline estimations: in the extended model specification that controls for employ-

ability, the effect of machine replacement on job satisfaction is still negative and significantfor

workers of lower education level (across age groups). In short, these additional exercises show

that, even when we control for employability, workers’ education level moderates the effect of

fear of replacement on job satisfaction, and it may thus be considered as a reasonable proxy

measure of latent workers’ skills.

Robustness tests

Our identification strategy rests on the assumption that the (lagged) introduction of robots in

local labor markets in Norway affects current job satisfaction only through its effects on work-

ers’ fear of replacement. Although our regressions control for a set of relevant employee-level

characteristics and include region- and time fixed effects, it is also useful to carry out some addi-

tional robustness exercises to test the potential confounding effects of omitted variables that

may in principle affect both fear of replacement and the error term of the outcome equation.

Tables A11 and A12 in S1 File report estimation results of first and second stage regressions

that include some additional region-level control variables in the model. The first two columns
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add region’s GDP and tertiary education level, which may be thought to be general relevant

factors that may drive both the introduction of industrial robots and job satisfaction patterns.

Though, the estimated coefficients of the instrumental variable robot adoption (Table A11 in

S1 File) and of the machine replacement variable (Table A12 in S1 File) are still significant and

stable after the introduction of these two possible confounding factors. Regressions in column

3 add a variable measuring business building broadband infrastructure in each region. The

reason for including this variable is that ICT diffusion may be a potentially conflating factor

that can disturb the effect of robots adoption on employment [3,37]. By controlling for broad-

band internet access in office buildings we address this concern, reasonably assuming that the

development of broadband infrastructure is driven by policies and investments that are exoge-

nous to the individual worker. Again, the inclusion of this additional control does not affect

the estimated coefficient of the robot variable in Table A11 in S1 File, and of the machine

replacement variable in Table A12 in S1 File. These coefficients still have the same signs and

significance levels, and their estimated size is slightly larger than in baseline regressions.

Finally, columns 4, 5 and 6 also add three other region-level controls: unemployment benefit

recipients (share of population in each region), share of large companies in each region, and

population size (log). The unemployment benefit variable controls for the possible confound-

ing effect of different unemployment rates across regions. The share of large companies takes

into account the fact that large firms do on average have a higher rate of introduction and use

of industrial robots (see Tables A1 and A4 in S1 File), so that employees in regions with a high

share of large firms are potentially more exposed to the effects of automation. Finally, the pop-

ulation variable is a standard control for the size and density of the region, which may be

related to the extent and intensity of peer effects that affect workers’ fear of replacement. How-

ever, the inclusion of these additional variables does not affect the main results for the explana-

tory variables of our interest.

As a further robustness test, Table A13 in S1 File reports the results of a placebo test that

adds a lead variable–robust exposure at year t+1 –to the set of regressors in the first stage equa-

tion (including also the three additional region-level control variables noted in the previous

paragraph). In these placebo regressions, the future robot adoption variable is not significant,

and its inclusion does not affect the sign and size of the estimated coefficient of the instrumen-

tal variable (lagged pace of robot adoption). This further rules out the possibility that our

results are driven by some omitted variables that are related to both job satisfaction and robot

adoption.

Next, it is interesting to consider the question on whether our instrumental variable (pace

of robot adoption in industry-regions) should be regarded as a peer effect or rather a neighbor
effect. Table A14 (in S1 File) considers this question by including two additional control vari-

ables in the first stage regressions. The first additional control is robot adoption in the other

three industries in the same region; and the second one is robot adoption in the same industry

in all other regions in Norway. In other words, these two additional controls are proxies for

inter-industry and inter-regional neighboring effects, respectively. Table A14 in S1 File shows

that none of these variables are significantly correlated with fear of replacement, and their

inclusion does not affect the precision of the instrumental variable (robot adoption in a given

industry-region). These robustness exercises provide further evidence that our instrumental

variable catches peer effects that are specific to each industry-region, and that hold even after

controlling for neighbor effects related to robot adoption in surrounding regions and indus-

tries in Norway.

Finally, it is relevant to comment further on the role of one of the control variables in the

model: union membership. As noted in relation to Table 4 (and other first stage results

reported in the online appendix), workers that belong to a trade union do on average report
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lower fear of machine replacement. This may suggest that workers in trade unions feel they are

more protected from the impacts of industrial robots. However, this pattern is in contrast with

Acemoglu and Restrepo [44], which find a positive association between industrial robot adop-

tion and unionization rates across countries, arguing that this is due to the fact that unioniza-

tion may raise labor costs. Yet, skill-biased technical change also creates a stronger incentive

for deunionization because the outside employment and wage options of skilled workers have

improved [56]. To investigate this further, we run additional regressions in which we interact

our two main explanatory variables (robot adoption in the first stage, and machine replace-

ment in the second stage) with the union membership variable. The idea is to test directly

whether Norwegian workers that belong to a trade union do on average think that they are less

likely to be affected by automation. However, the results of these regressions (reported in

Table A14 in S1 File) show that the two additional interaction variables are not statistically sig-

nificant. We think that the role of union membership as a factor moderating the effects of

industrial automation is an interesting topic for future research.

7. Conclusions

The swift pace of introduction of industrial robots, AI and smart machines in production

activities in recent years represents a new major process of Schumpeterian creative destruc-

tion. This process will in the near future lead to dramatic consequences for employment in

many sectors and regions, and it will at the same time create new unprecedented opportunities

for productivity growth, wealth and well-being. As for other major transformations in the past,

this structural change and the related transition and adjustment process will arguably not be

smooth and swift: it will unfold over a period of several years, and it will lead to important neg-

ative impacts in the short-run before the long-run economic and societal benefits will eventu-

ally emerge.

Studying the effects of automation on employment, extant research has so far mostly

focused on aggregate impacts that industrial robots and AI have on employment demand and

wages for different industries and countries. The present paper has argued that it is important

to shift the focus to the micro-level of analysis and study the impacts of automation technolo-

gies on individual workers’ well-being. Specifically, we have put forward the idea that the rele-

vant impacts that it is important to study are not only pecuniary (i.e. related to workers’

employment conditions and wages) but also nonpecuniary (i.e. related to workers’ expecta-

tions and future job prospects). Ceteris paribus, workers that fear that their working tasks

might be replaced by a smart machine in the future may have a lower job satisfaction at present

than workers who have more secure job prospects and less uncertainty about the future.

We have investigated this idea by considering a large sample of workers in Norway for the

period 2016–2019, and studying the extent to which the introduction of industrial robots in

local labor markets affect workers’ fear of being replaced in the future, and in this way hamper

their subjective well-being. Our data and results provide a quite striking picture. 40% of Nor-

wegian workers in our sample think their working tasks might be replaced by a machine, and

our analysis shows that this fear of replacement significantly lowers their job satisfaction at

present. We also find that this transmission mechanism is driven by low-skilled workers,

which are those carrying out routine-based tasks, and who are therefore aware to be more

exposed to the risks of automation. On the whole, we think that our empirical findings are not

only relevant for Norway (the country to which our dataset refers), but they can in principle

have more general lessons for other countries too. Automation is by now an important trend

that is rapidly diffusing worldwide, and its effect on workers’ health and well-being is therefore

a topic of high societal relevance. Schwabe (2019) provides related evidence using a different
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dataset for a larger sample of European countries. The present work calls therefore for further

research that may investigate and extend this research topic in a variety of different countries

and continents.

A first important policy implication of our results is that the current process of structural

change and creative destruction will in the short-run likely lead to stronger fear of replacement

and uncertainty about the future for low-skilled workers carrying out routine work in facto-

ries, thus possibly leading to further polarization not only in terms of employment and wages,

but also in terms of subjective well-being. To mitigate these negative consequences, which are

already visible at present, national authorities should actively support training and re-training

policies in such a way that workers that are exposed to future replacement may build up new

competencies that can increase their ability to work with smart machines, as well as increase

their qualifications and the likelihood to find a new job if this will become necessary in the

future. If fear of replacement triggers workers to participate in such training is an interesting

question for future studies. In other words, by giving better future prospects to more vulnera-

ble workers, training policies will also contribute to enhance their subjective well-being at

present.

Our results also suggest a second reflection and possible policy implication. As noted

above, 40% of Norwegian workers in our sample think that their working tasks might be

replaced by a machine. According to the Eurobarometer survey, the extent of fear of replace-

ment is roughly the same for workers in other European countries [12]. This number is quite

high indeed. Is it reasonable that so many workers fear competition from smart machines, and

why is it so?

Extant research on automation and employment has not yet reached a consensus on the

direction and size of these effects, and it still presents a vivid debate between those that empha-

size negative consequences and those that point out positive economic and societal effects.

Hence, there is no clear scientific evidence and consensus at present that could provide the

basis for individual workers to form rational and well-informed assessments and expectations

about their job prospects in the future. It is therefore reasonable to ask whether the generalized

fear of competition from smart machines is actually exaggerated and not based on extant

research and established knowledge. The concrete risk is that–in the current phase of rapid

and disruptive technological change–societal debates in the media on robots, automation and

AI may tend to exaggerate risks and depict gloomy future scenarios, while often neglecting

possible long-run benefits for the economy and the society, which are indeed even hard to

imagine at the moment [1].

Since media debates on this topic are often biased and tend to overemphasize the negative

impacts of automation (which are arguably more “catchy” and attractive for the uninformed

audience), this may contribute to explain why so many workers report to fear future machine

replacement. However, our paper has shown that such subjective individual assessments about

the future may indeed hamper job satisfaction at present. This can also lead to anxiety, mental

stress and low motivation at work, which may in turn depress creativity, productivity and

innovation in the workplace.

In short, we should not disregard the possibility that a biased and uninformed presentation

of this topic in the media may indeed have concrete negative consequences on workers’ subjec-

tive well-being by affecting their beliefs about future job prospects. The policy implications of

this are certainly not easy to draw. A major point, though, is to stress the importance of having

better informed societal debates in the media, and particularly in State-owned channels, that

take a more balanced view of the negative and positive consequences of automation, and that

avoid spreading fears and gloomy scenarios that are not based on solid evidence and

arguments.
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